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Abstract

Human cognition excels at transcending sensory input and
forming latent representations that structure our understand-
ing of the world. While Large Language Model (LLM) agents
demonstrate emergent reasoning and decision-making abil-
ities, they lack a principled framework for capturing latent
structures and modeling uncertainty. In this work, we explore
for the first time how to bridge LLM agents with probabilistic
graphical models (PGMs) to address agentic reasoning under
uncertainty. To this end, we introduce Verbalized Probabilis-
tic Graphical Modeling (vPGM), a Bayesian agentic frame-
work that (i) guides LLM agents in following key principles
of PGMs through natural language and (ii) refines the re-
sulting posterior distributions via numerical Bayesian infer-
ence. Unlike many traditional probabilistic methods requiring
substantial domain expertise, vPGM bypasses expert-driven
model design, making it well-suited for scenarios with lim-
ited assumptions. We evaluated our model on several agentic
reasoning tasks, both close-ended and open-ended. Our re-
sults indicate that the model effectively enhances confidence
calibration and text generation quality.

Code and Appendix —
https://github.com/xingbpshen/agentic-reasoning-vpgm

Introduction
In addressing complex reasoning problems, such as solving
challenging science questions, the human brain is thought
to have the capability to go beyond mere sensory input, po-
tentially forming insights into latent patterns of the world.
This ability suggests that humans might have a sophisticated
skill to interpret the underlying structures and uncertainties
(Tenenbaum et al. 2011), although the exact mechanisms re-
main the subject of ongoing research and debate. As of now,
such depth of understanding demonstrated by humans has
not been fully achieved in artificial intelligence (AI) sys-
tems (Lake et al. 2017; Bender and Koller 2020; Zheng et al.
2021; Sumers et al. 2023).

While large language models (LLMs) have demonstrated
impressive capabilities in processing and generating human
language (Devlin et al. 2018; Brown et al. 2020; Achiam
et al. 2023), their performance is often constrained by the

*These authors contributed equally.
†Correspondence to Hengguan Huang.

scope of their training data. These models, built primarily
on vast corpora of text, excel at generating responses that
are syntactically coherent and contextually relevant. Recent
advances such as chain-of-thought (CoT) prompting (Wei
et al. 2022) and the emergence of agentic paradigms (Yao
et al. 2023; Schick et al. 2023) have extended their capabili-
ties toward interactive and compositional agentic reasoning.
However, when operating as autonomous agents in uncertain
or partially observable environments, where implicit knowl-
edge and the ability to integrate and reason over undisclosed
information from multiple sources become essential, skills
that humans typically employ in complex reasoning, LLM
agents often struggle. This limitation arises not only from
their dependence on surface-level linguistic correlations but
also from the absence of a principled Bayesian framework
to capture latent structures and model uncertainty.

In this work, we explore for the first time how to bridge
LLM agents with probabilistic graphical models (PGMs) to
address agentic reasoning under uncertainty. To this end,
we introduce Verbalized Probabilistic Graphical Modeling
(vPGM), a Bayesian agentic framework that combines the
strengths of LLM agentic reasoning with explicit numeri-
cal Bayesian inference. Unlike traditional Bayesian infer-
ence frameworks (Griffiths, Kemp, and Tenenbaum 2008;
Bielza and Larrañaga 2014; Wang and Yeung 2020; Ab-
dullah, Hassan, and Mustafa 2022), which typically require
substantial domain expertise, vPGM bypasses expert-driven
model design, making it well-suited for scenarios with lim-
ited assumptions. Specifically, Bayesian structure learning
methods (Kitson et al. 2023) facilitate the discovery of
Bayesian networks, they often require expert domain knowl-
edge for manual validation of statistical dependencies or
rely on computationally expensive scoring functions to as-
sess the graphical model’s goodness of fit to the data. Our
approach leverages the knowledge and reasoning capabili-
ties of LLMs by guiding them to simulate Bayesian reason-
ing princples, while augmenting uncertainty quantification
through a learnable Bayesian surrogate, thus significantly re-
ducing the reliance on expert input.

Concretely, our method consists of three initial stages:
(1) Graphical Structure Discovery, in which the LLM is
prompted to identify latent variables and their probabilistic
dependencies; (2) Prompting-Based Inference, where LLMs



are guided to infer verbalized posterior distributions of each
latent variable given new input data; and (3) Predictions un-
der Uncertainty, where confidence in the final predictions is
achieved by computing the expected value of the conditional
predictive distribution over the inferred latent variables. Fur-
thermore, to fully leverage the multiple response samples
generated by LLMs within the vPGM framework and en-
hance uncertainty quantification, we extend vPGM with nu-
merical Bayesian inference techniques that infer posterior
distributions over predictions and augment confidence cali-
bration through a theoretically guaranteed differentiable cal-
ibration loss function.

We evaluate our method on several agentic reasoning
tasks, designed in both close-ended and open-ended answer-
ing formats. The experiments demonstrate improvements
in confidence calibration and the quality of generated re-
sponses, highlighting the efficacy of vPGM in enhancing
probabilistic reasoning capabilities of LLM agents.
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Figure 1: Example of inference using the BayesVPGM. The
Chameleon framework erroneously assigns high confidence
to the answer despite its LLM agents capturing irrelevant
information. Conversely, our BayesVPGM accurately iden-
tifies this discrepancy and assigns low confidence. Here, we
show a simplified inference prompt. See Appendix for de-
tailed examples.

Related Work
Research on large language models (LLMs) has recently
transitioned from static prompting toward LLM agents or
agentic systems capable of agentic reasoning, tool use, and
interactive decision-making. We discuss both threads re-
spectively, highlighting their limitations and how our pro-
posed vPGM addresses a key missing component: proba-
bilistic latent-variable reasoning and uncertainty calibration
for agentic reasoning tasks.

LLM Prompting Prompting methods in LLMs form a
long-standing research line centered on training-free model
responses steering. Early approaches include in-context
learning (Brown et al. 2020), where models are conditioned
on task-specific demonstrations, and instruction prompt-
ing (Wang et al. 2022b; Ouyang et al. 2022), which em-
beds explicit task instructions directly into natural-language
prompts. A major development is Chain-of-Thought (CoT)
prompting (Wei et al. 2022), which elicits intermediate rea-
soning steps to enhance complex reasoning. Subsequent
variants extend CoT to more flexible or automated settings:
zero-shot CoT (Kojima et al. 2022), automatic rationale gen-
eration (Auto-CoT) (Zhang et al. 2022; Shum, Diao, and
Zhang 2023; Yao et al. 2024), self-consistency decoding
(Wang et al. 2022a), and chain-of-continuous-thought (Hao
et al. 2024), which embeds reasoning trajectories in a la-
tent space. Additionally, (Xiong et al. 2023) built upon the
consistency-based method and conducted an empirical study
on confidence elicitation for LLMs. In contrast, our pro-
posed vPGM tackles the confidence elicitation problem from
the perspective of Bayesian inference, which follows the
principles of a more theoretically grounded Bayesian infer-
ence framework, PGM.

LLM Agents and Agentic Systems Building on these
prompting advances, LLM prompting has evolved into LLM
agents, which interleave reasoning with actions, tool use,
and interaction with external environments. ReAct (Yao
et al. 2023) combines natural-language reasoning with tool
calls and environment feedback; Toolformer (Schick et al.
2023) uses self-supervised signals to teach LLMs when and
how to invoke tools, and ADAS (Wang et al. 2025) au-
tomates the design of agentic system architectures. These
systems mark a shift from passive text generation to inter-
active, tool-augmented behavior. However, existing agentic
approaches typically lack a principled probabilistic frame-
work: they do not explicitly model latent variables, quantify
uncertainty, or perform Bayesian belief updating, which lim-
its their applicability in settings that require calibrated agen-
tic reasoning under uncertainty.

Concurrent Work Several concurrent works explore the
use of LLMs for probabilistic or causal modeling, but they
are largely orthogonal to our contribution. Recent causal-
discovery studies (Wan et al. 2025; Constantinou, Kitson,
and Zanga 2025) focus on learning causal relationships and
counterfactuals, whereas vPGM targets non-causal proba-
bilistic latent-variable reasoning and uncertainty calibration
for multi-source agentic tasks. BIRD (Feng et al. 2025) in-
troduces a Bayesian inference wrapper for LLMs, yet it is



restricted to binary decision-making and is therefore not
directly applicable to our multi-class and open-ended out-
puts. In contrast, vPGM provides a unified Bayesian frame-
work for latent-variable reasoning and calibrated uncertainty
within LLM agents.

Our Method: Verbalized Probabilistic
Graphical Modeling (vPGM)

Verbalized Probabilistic Graphical Modeling (vPGM) is a
Bayesian Agentic Reasoning approach that leverages Large
Language Models (LLM) agents to simulate key principles
of Probabilistic Graphical Models (PGMs) in natural lan-
guage. Unlike many existing probabilistic methods that de-
mand extensive domain knowledge and specialized training,
vPGM bypasses the need for expert-based model design,
making it suitable for handling complex reasoning tasks
where domain assumptions are limited or data are scarce.

Overview of vPGM
From an application standpoint, vPGM can be embedded
into a range of complex reasoning systems, such as agentic
reasoning tasks (see Figure 1). Our approach factorizes the
overall reasoning process into three core steps: (1) Graph-
ical Structure Discovery, in which the LLM is prompted
to identify latent variables and their probabilistic dependen-
cies (see Figure 2); (2) Prompting-Based Inference, where
LLMs are guided to infer verbalized posterior distributions
of each latent variable given new input data; and (3) Pre-
dictions under Uncertainty, where confidence in the final
predictions is achieved by computing the expected value of
the conditional predictive distribution over the inferred la-
tent variables.
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Figure 2: Overview of the vPGM’s learning framework.
CPDs represent conditional probability distributions. We
omit the observed variable X for clarity.

Graphical Structure Discovery
Our method begins by formulating a specialized prompt
(see Table 1) to uncover latent variables for compositional
reasoning. The prompt comprises several key elements: (1)
General Task Description, a concise statement of the rea-
soning objective; (2) Input-Output Data Pairs, which illus-
trate representative data samples; (3) Contextual Informa-
tion, providing any essential background or domain insights;
and (4) Prior Knowledge and Constraints, specifying con-
straints such as the maximum number of latent variables and
predefined dependencies among them.

1Although we set n ≤ 4 in this example, the LLM may gener-
ate the maximum number of variables. To reduce redundancies, we
can add additional constraints to encourage a more compact repre-
sentation.

After identifying a set of latent variables Z =
{Z1, Z2, . . . , Zn} (see Table 2), we further prompt LLMs
to determine how each latent variable depends on the others.
An example set of dependencies obtained from the LLM is:
{X → Z1,X → Z2,X → Z3,X → Z4, Z1 → Z3, Z2 →
Z3, Z2 → Z4, Z3 → Z4, Z4 → Y}, where each relation-
ship a → b indicates that b is conditionally dependent on
a. Like traditional PGMs, our verbalized PGM (vPGM) en-
codes these dependencies as conditional probability distri-
butions P

(
Zi | Pa(Zi)

)
. However, instead of relying on ex-

plicit distributional forms, vPGM uses natural language de-
scriptions (see Appendix for detailed examples) to specify
each conditional relationship, reducing the need for exten-
sive domain expertise or parameter estimation.

Prompting-Based Bayesian Inference
Traditionally, Bayesian inference focuses on inferring poste-
rior distributions over model parameters given a probabilis-
tic model and new observations. In the context of LLMs,
however, it is reformulated as generating prompts that sim-
ulate posterior inference under the vPGM framework, lever-
aging its discovered structure and new observations. This
approach leverages the advanced reasoning capabilities of
LLMs to produce instructions enabling them to simulate
Bayesian inference principles. An example prompt is: “Gen-
erate the prompt that guides LLMs through step-by-step
probabilistic reasoning based on the provided task descrip-
tion, discovered PGM, and testing data...”

Prediction Under Uncertainty
Agentic reasoning tasks often involve significant uncer-
tainty. For instance, an LLM agent (e.g., an image captioner)
may produce noisy outputs, introducing aleatoric uncer-
tainty. Under the vPGM framework, this variability is cap-
tured by the verbalized posterior distributions of latent vari-
ables. After constructing the verbalized posterior P (Z | X)
via prompting-based Bayesian inference, we quantify confi-
dence in the final predictions by taking the expected value
of P (Y | Z) over Z:

EP (Z|X)

[
P (Y | Z)

]
≈

∑
Z

P (Y | Z)P (Z | X), (1)

where X denotes observed inputs, and Z is sampled by
querying LLM using vPGM’s Bayesian inference prompt.
In practice, both P (Z | X) and P (Y | Z) are simulated
within a single prompt (see detailed examples in the Ap-
pendix). Consequently, the expected posterior probabilities
can be approximated by averaging the numerical values of
P (Y | Z) generated by the LLM during these inference
steps.

Bayesian-Enhanced vPGM: BayesVPGM
When repeatedly querying a Large Language Model (LLM)
under the vPGM framework, we obtain multiple samples
of responses, i.e., categorical predictions and their numer-
ical probabilities. A natural question is how to leverage
these data to better capture the underlying uncertainty in the
LLM’s predictions. To do this, we propose to infer such a



Prompt for PGM Discovery in Solving Multiple-Choice Science Questions
Develop a Bayesian inference framework, denoted as P (Y|Z), to achieve the task: { Task Descitption }. This entails
identifying and defining a set of latent variables, Z = {Z1, Z2, · · · , Zn}, with n ≤ 41. These variables should capture
the decision-making process of a science expert evaluating an answer option.
Task Description: systematically determine the most probable answer Y among a set of options for a given science
question X along with background context, such as image caption, OCR and relevant knowledge.
Context: {Context}
Input-Output Data Pairs: {Input-Output Data Pairs}
Prior Knowledge and Constraints: {Prior Knowledge and Constraints}

Table 1: An example instruction for PGM discovery in the context of compositional reasoning tasks.

Discovered Latent Variables for PGM in Solving Multiple-Choice Science Questions
Discovered latent variables:
1. Z1 Relevance Assessment: This variable quantifies the relevance of input data, including image captions, OCR re-

sults, and textual content, to the posed question. It encapsulates the conditional probabilities of the data being pertinent
to understanding or answering the question effectively.

2. Z2 Knowledge Quality Evaluation: Z2 measures the reliability and adequacy of external knowledge sources. This
variable assesses how well external data supports the interpretation of the question and the associated data, facilitating
a Bayesian update of belief based on external evidence.

3. Z3 Question Clarity: This variable evaluates the clarity and comprehensibility of the question. Z3 captures the
likelihood that the question can be clearly understood and processed to yield a definite outcome, influencing the
interpretability and ease of response generation.

4. Z4 Logical Reasoning: Z4 is concerned with the logical analysis of each answer option. It involves a probabilistic
assessment of the correctness of each option based on synthesized insights from the relevant data and external knowl-
edge. This variable underpins the decision-making process by evaluating how logically coherent and supported each
answer choice is given the available information.

Table 2: An example of the discovered PGM, providing a list of latent variables along with their descriptions for PGM con-
struction.

posterior distribution, denoted q(y | x̃), where x̃ denotes
categorical predictions.

Posterior Inference Under a Dirichlet Prior
We specify the form of the posterior q(y | x̃) = Cat(π),
where π = (π1, . . . , πK) lies in the probability simplex
over K categories. To incorporate prior beliefs, we place a
Dirichlet prior on π: π ∼ Dirichlet(α1, . . . , αK), with
αk = λ p(y = k | Z) for some hyperparameter λ > 0,
reflecting the vPGM’s initial belief in category k.

Next, suppose we query the LLM under the vPGM frame-
work for n times, obtaining labels {y1, . . . , yn}. For each
category k, let nk be the number of labels that fall into
that category. Assuming these labels are drawn i.i.d. from
Cat(π), the likelihood is P

(
{yi} | π

)
=

∏K
k=1 π

nk

k . By
Bayes’ rule, the posterior distribution is then

q(y | x̃) ∝
( K∏
k=1

π nk

k

)
×
( K∏
k=1

π αk−1
k

)
=

K∏
k=1

π nk+αk−1
k ,

i.e. a Dirichlet(n1+α1, . . . , nK+αK). The posterior mean
of πk becomes

π
(mean)
k =

nk + αk∑K
j=1

(
nj + αj

) .
Consequently, we adopt q(y | x̃) = Cat

(
π(mean)

)
as our

final predictive distribution, which balances empirical label
frequencies with the original vPGM’s numerical probabili-
ties.

Optimizing λ via a Differentiable Calibration Loss
One key limitation of this posterior distribution is its reliance
on a manually tuned λ, which governs how strongly the
vPGM’s numerical probabilities influence the final outcome.
To automate this process and improve calibration, we intro-
duce a differentiable calibration loss that learns λ through
gradient-based optimization.

Specifically, we minimize the following loss function with
respect to λ:

L
(
π(λ)

)
= Lc

(
π(λ)

)
+ β Lv

(
π(λ)

)
, (2)

where π(λ) = (π
(mean)
1 , . . . , π

(mean)
K ) is the posterior-

mean vector, Lc is a standard classification loss (e.g., cross-
entropy), and Lv is a differentiable class-wise alignment
term; β is a hyperparameter balancing the two losses. Let
j index the categories, and let π̄j = 1

n

∑n
i=1 π

(i)
j be the

average predicted probability of class j over a mini-batch
of size n. Likewise, let ȳj = 1

n

∑n
i=1 y

(i)
j be the empirical

fraction of class j, where y
(i)
j ∈ {0, 1} indicates whether

sample i belongs to class j. Inspired by class-wise expected
calibration error (Kull et al. 2019), which aligns predictions
to empirical frequencies on a per-category basis but whose
binning procedure impedes differentiability, we define:

Lv

(
π
)

=
1

K

K∑
j=1

∣∣∣π̄j − ȳj

∣∣∣, (3)

using a bin-free version of class-wise expected calibration
error.



To minimize L
(
π
)

with respect to λ, we employ a
quasi-Newton method (e.g., L-BFGS) (Broyden 1967). This
second-order gradient-based solver converges more rapidly
than simple gradient descent.

Theorem 1 (Global Optimum Implies Perfect ECE) Let
{(ui, yi)}ni=1 be the training set with features ui ∈ Rd

and one–hot labels yik. For any parameter vector θ, let
gθ : Rd →∆K−1 be a function that produces class proba-
bilities p̂ik(θ) = gθ(ui)k. The empirical version of Eq. (2)
is

L(θ) = − 1

n

n∑
i=1

K∑
k=1

yik log p̂ik(θ)+ β
1

K

K∑
k=1

∣∣¯̂pk(θ)− ȳk
∣∣,

where β > 0, ¯̂pk(θ) = 1
n

∑
i p̂ik(θ), and ȳk = 1

n

∑
i yik.

Then a parameter vector θ⋆ is a global minimiser of L iff

p̂ik(θ
⋆) =

1∑n
i′=1 I{ui=ui′}

n∑
i′=1

yi′kI{ui=ui′}

for every i ∈ {1, . . . , n}, k ∈ {1, . . . ,K},

where I(ui = ui′) is an indicator function equal to 1 if
the feature inputs ui and ui′ are identical, and 0 other-
wise. In that case, the class-wise expected calibration error
ECEclass(θ) ≜ 1

K

∑
k |¯̂pk(θ)−ȳk| satisfies ECEclass(θ

⋆) =
0.

The proof is provided in Appendix. Although the cross-
entropy term in the loss function Eq. (2) pulls predictions
toward one-hot labels while the calibration term enforces
class-wise average alignment, Theorem 1 shows that both
objectives can attain their minima simultaneously.

Experiments
We evaluate the efficacy of the proposed vPGM and
BayesVPGM in modeling uncertainty across three agentic
reasoning tasks. The first, a closed-ended task named Sci-
enceQA (Lu et al. 2022), and the second, an open-ended task
named ChatCoach (Huang et al. 2024), both require reason-
ing with undisclosed information from multiple sources. We
then introduce a negative control experiment derived from
A-OKVQA (Schwenk et al. 2022) to investigate whether la-
tent variables can enhance confidence calibration by detect-
ing mismatches in the presence of misinformation. See Ap-
pendix for the detailed experimental configurations.

Science Question Answering
The Science Question Answering (ScienceQA) benchmark,
introduced by (Lu et al. 2022), serves as a comprehen-
sive benchmark for multi-modal question answering across
a diverse range of scientific disciplines, including physics,
mathematics, biology, and the humanities. It features 4,241
question-answer pairs that cover various topics and contexts.
This task demands the integration of information from mul-
tiple sources or LLM agents (e.g., Bing search results, image
captions), a process that can introduce errors and increase

the complexity of reasoning. Given these challenges, Sci-
enceQA serves as an ideal testbed for evaluating how ef-
fectively vPGM identifies latent structures and model uncer-
tainties. See Appendix for the more detailed experimental
setups.

Baseline Methods We compare vPGM/BayesVPGM with
the following baseline methods:
• Chain-of-Thought This is one of the non-tool-

augmented LLMs: Chain-of-Thought (CoT) prompting
(Wei et al. 2022) equipped with verbalized confidence
estimation by prompting it to provide a numerical
confidence for the selected answer.

• Chameleon This is based on a tool-augmented LLM:
Chameleon (Lu et al. 2023), and we equip it with verbal-
ized confidence estimation.

• Chameleon+ It extends Chameleon with a state-of-art
uncertainty quantification framework based on the com-
bination of verbalized confidence estimation and self-
consistency measurement (Wang et al. 2022a), as recom-
mended in (Xiong et al. 2023).

Evaluation Metrics In line with previous evaluation set-
tings in (Naeini, Cooper, and Hauskrecht 2015; Guo et al.
2017; Xiong et al. 2023) on confidence calibration, we adopt
the expected calibration error (ECE) to evaluate model con-
fidence, represented as numeric probabilistic predictions.
The ECE quantifies the divergence between the predicted
probabilities and the observed accuracy across each confi-
dence levels (bins). Throughout our experiments, we fix the
number of confidence bins as 10 with uniform confidence
contribution across bins. In addition, we evaluate the capa-
bility of a given method in solving problems correctly by
measuring the accuracy (Acc.).

Method N M Acc. ↑ ECE ↓
CoT – 1 84.63 8.96
Chameleon – 1 85.29 9.62
Chameleon+ – 3 85.17 8.65
vPGM (Ours) 2 3 85.49 2.31
vPGM (Ours) 3 3 86.38 1.67
vPGM (Ours) 4 3 86.54 2.15
BayesVPGM (Ours) 2 3 85.49 1.81
BayesVPGM (Ours) 3 3 86.38 1.05
BayesVPGM (Ours) 4 3 86.54 1.50

Table 3: Accuracy (%) and ECE (×102) on ScienceQA for
different methods and numbers of latent variables N . M is
the number of sampled responses. The best and second-best
results within each base model are bolded and underlined,
respectively. Llama3-8B-Instruct (Dubey et al. 2024) serves
as our test-time engine. See appendix for results using other
LLMs

Results Table 3 details the performance of different meth-
ods on the ScienceQA dataset. It shows that Chameleon re-
sults in the highest (worst) ECE (×102) of 9.62, indicating
serious overconfidence issues in handling complex reason-



ing tasks, even with the assistance of external tools. In com-
parison, our vPGM outperforms these methods in both ac-
curacy and ECE, due to its superior ability to capture la-
tent structural information that other baseline methods over-
look. Figure 3 shows the reliability diagram for vPGM and
BayesVPGM, demonstrating its near-perfect alignment with
the ideal calibration curve across all bins, highlighting its
precision in confidence calibration (see the Appendix for the
ablation results and the token-level computational costs).

Qualitative Study on the Inferred Latent Variables Fig-
ure 1 shows a case study of BayesVPGM’s inference capa-
bilities to qualitatively assess the model’s ability to utilize
latent structural information for improving confidence esti-
mation. Here vPGM employs its latent variables to critically
assess the relevance of retrieved information. For example,
when faced with irrelevant data from external tools such as
Bing search or inaccurate captions from image captioners,
the baseline, Chameleon, erroneously maintains high confi-
dence in its predictions. In contrast, BayesVPGM carefully
adjusts its confidence, assigning lower probabilities when
essential contextual knowledge is missing or incorrect, a
process that is particularly effective through the inference
of latent variables Z1 and Z2. These observations highlight
the significance of inferring latent structures to improve the
reliability of compositional reasoning systems.
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(c) vPGM
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(d) BayesVPGM

Figure 3: Reliability diagrams of (a) Chameleon, (b)
Chameleon+, (c) vPGM (N = 3,M = 3), and (d)
BayesVPGM (N = 3,M = 3) on ScienceQA. vPGM
and BayesVPGM achieve a much lower ECE comparing to
Chameleon+ and approaches to the ideal confidence calibra-
tion curve (the diagonal dashed line).

Communicative Medical Coaching
The Communicative Medical Coaching benchmark, Chat-
Coach, introduced in (Huang et al. 2024), establishes a com-
plex multi-agent dialogue scenario involving doctors, pa-
tients, and a medical coach across 3,500 conversation turns.
The medical coach is tasked with detecting inaccuracies
in medical terminology used by doctors (detection task)
and suggesting appropriate corrections (correction task).
These tasks require integrating external medical knowledge,
inherently introducing uncertainty into response formula-
tion. This benchmark was chosen to test vPGM’s ability
to generalize across complex open-ended reasoning tasks.
BayesVPGM is not applied in this setting, as such a model
assumes the output to be a categorical distribution. See the
Appendix for more details on experiments and implementa-
tion.

Baseline Methods For comparative analysis, we bench-
mark vPGM against these approaches:
• Vanilla Instruction Prompting: This method involves

prompting the LLM with direct instructions for dialogue
generation.

• Zero-shot Chain of Thought (CoT) (Kojima et al.
2022): A straightforward CoT approach where the LLM
is prompted to sequentially articulate a reasoning chain.

• Vanilla CoT (Wei et al. 2022): This method builds upon
the basic CoT by providing the LLM with a set of exam-
ples that include detailed reasoning steps.

• Generalized CoT (GCoT) (Huang et al. 2024): An ad-
vanced version of CoT, designed to improve the gen-
eration of structured feedback and integration of exter-
nal knowledge effectively. It represents a state-of-the-art
method in the ChatCoach benchmark.

Evaluation Metrics We follow (Huang et al. 2024) to em-
ploy conventional automated metrics BLEU-2, ROUGE-L,
and BERTScore. BLEU-2 is employed to measure the pre-
cision of bi-gram overlaps, offering insights into the lexi-
cal accuracy of the generated text against reference answers.
ROUGE-L is used to assess sentence-level similarity, focus-
ing on the longest common subsequence to evaluate struc-
tural coherence and the alignment of sequential n-grams.
Additionally, BERTScore is applied for a semantic similar-
ity assessment, utilizing BERT embeddings to compare the
generated outputs and reference texts on a deeper seman-
tic level. As specified in (Huang et al. 2024), we use GPT-
4 to extract medical terminology errors and corresponding
corrections in the feedback from Coach Agents. Automated
metrics are then calculated based on these extracted ele-
ments in comparison to human annotations.

Results We present the performance of various methods
in Table 4. The noticeable difference between machine-
generated outputs and human benchmarks across all metrics
highlights the inherent challenges in communicative medi-
cal coaching. In the detection of medical terminology errors,
vPGM leads with superior BLEU-2 (37.2) and BERTScore
(76.3), underscoring its proficiency in identifying inaccura-
cies. In the correction task, while vPGM achieves a standout
BERTScore of 68.3, surpassing all baselines, it scores lower



Method Detection Correction
BLEU-2 Rouge-L BERTScore BLEU-2 Rouge-L BERTScore

Instruction Prompting 27.4 3.3 67.6 1.4 2.1 61.6
Vanilla CoT 17.7 2.7 64.1 0.1 2.3 58.1
Zero-shot CoT 27.6 1.9 69.0 3.0 0.9 58.8
GCoT 34.2 3.7 72.4 1.6 2.0 65.4
vPGM (Ours) 37.2 2.3 76.3 1.7 2.0 68.3
Human 76.6 6.0 90.5 33.5 3.6 84.1

Table 4: Results of various methods on the detection and correction of medical terminology errors.

on BLEU-2 and ROUGE-L. This variation is attributed to
the ambiguity in doctors’ inputs, which can yield multiple
valid responses, affecting metrics that rely on exact matches.

A-OKVQA Negative Control: Studying Latent
Variables under Misinformation
Data Simulation A-OKVQA (Schwenk et al. 2022) is a
Visual Question Answering dataset that challenges models
to perform commonsense reasoning about a scene, often
beyond the reach of simple knowledge-base queries. Cru-
cially, it provides ground-truth image captions and ratio-
nales for each question. We leverage these annotations to
construct a negative control experiment: A-OKVQA-clean
(603 data points) retains the correct image caption and ratio-
nale (near single-hop reasoning), while A-OKVQA-noisy
(603 data points) randomly shuffles the rationale, thus in-
troducing misinformation and forcing a multi-hop check for
consistency. In this experiment, we adopt a vPGM with 2
latent variables (see the Appendix for the inference prompt
and an example query). Refer to the Appendix for more de-
tails on data configurations.

Overall Performance Under Noisy Conditions Table 5
shows the overall accuracy (Acc.) and expected calibra-
tion error (ECE) on the noisy data. Both vPGM and
BayesVPGM outperform Chameleon+ on accuracy (61.03%
vs. 59.04%) and yield lower ECE, indicating that latent vari-
ables detect mismatch and improve confidence calibration.

Mismatch Detection Through Z2 To investigate how
latent variables facilitate mismatch detection, we track
P
(
Z2 | Pa(Z2)

)
, where Z2 indicates whether the rationale

is aligned with the image caption. As shown in Table 6, the
mean probability of Z2 is considerably higher in the Clean
set than in the Noisy set (0.86 vs. 0.42), and mismatch identi-
fication accuracy in the Noisy condition reaches 87%. These
findings demonstrate BayesVPGM’s capacity to robustly de-
tect cases with inconsistencies or irrelevant content.

Latent Variable Correlation Analysis We additionally
compute Pearson correlations (Pcc.) between numerical con-
ditional probabilities of the latent variables (Z1 and Z2) and
the final answer Y. In the Noisy case, Pcc(Z2,Y) surpasses
Pcc(Z1,Y) (0.55 versus 0.35), indicating that Z2 exerts a
stronger influence on the final prediction when mismatches
are present. Conversely, in the Clean subset, Z1 and Z2

exhibit nearly equal correlation with Y, yet about 22% of

the Clean data is incorrectly flagged by Z2 as mismatched,
potentially introducing noisy confidence adjustments at Y.
This suggests a trade-off: while latent variables excel at de-
tecting misinformation and improving calibration in Noisy
settings, they can slightly degrade calibration when no mis-
match actually exists.

Method Acc. ECE

Chameleon+ 59.04 11.75
vPGM (Ours) 61.03 10.54
BayesVPGM (Ours) 61.03 9.85

Table 5: General Performance on A-OKVQA-noisy data
(accuracy in % and ECE in ×102).

Clean Noisy

Mean P
(
Z2 | Pa(Z2)

)
0.86 0.42

Noise Identification Acc. 78% 87%
Pcc

(
Z1,Y

)
0.50 0.35

Pcc
(
Z2,Y

)
0.51 0.55

Table 6: Analysis of the latent variables on A-OKVQA-
clean and A-OKVQA-noisy.

Conclusion
We introduce verbalized Probabilistic Graphical Model
(vPGM), a Bayesian agentic framework that (1) directs LLM
agents to simulate core principles of Probabilistic Graphical
Models (PGMs) through natural language and (2) refines the
resulting posterior distributions via numerical Bayesian in-
ference. Applied within agentic workflows, vPGM enables
LLM agents to perform probabilistic latent-variable reason-
ing with calibrated uncertainty. This approach discovers la-
tent variables and dependencies without requiring extensive
domain expertise, making it well-suited to settings with lim-
ited assumptions. Our empirical results on agentic reasoning
tasks demonstrate substantial improvements in terms of both
confidence calibration and text generation quality. These re-
sults highlight the potential of merging Bayesian principles
with LLM agents to enhance AI systems’ capacity for mod-
eling uncertainty and reasoning under uncertainty.
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